Supplementary material
To identify the research articles that describe or compare the methods for the between-study variance and its

uncertainty we used the following search code:

((heterogen* [Title/Abstract]) OR (*consisten*[Title/Abstract]) OR (between-
study variance*[Title/Abstract]) OR (between-trial variance*[Title/Abstract]))
AND (meta-analys*[Title/Abstract]) AND ((random effect*[Title/Abstract]) OR
(mixed effect*[Title/Abstract]) OR (meta-regress*[Title/Abstract])) AND
((distribution) OR (prior) OR (prediction) OR (estimat*) OR (overall treatment
effect*) OR (summary treatment effect*) OR (pooled effect*) OR (confidence
interval*) OR (bias*) OR (error*) OR (power) OR (simulation*) OR (coverage

probability*) OR (mean square* AND error¥*))

Abbreviations:

Between-study variance estimation methods Methods for confidence intervals (Cl) for between-study variance
DL: DerSimonian and Laird PL: Profile Likelihood CI

DLp: Positive DerSimonian and Laird Wt: Wand-type CI

DL2: Two-step DerSimonian and Laird BT: Biggerstaff and Tweedie ClI

DLb: Non-parametric bootstrap DerSimonian and Laird BJ: Biggerstaff and Jackson CI

HO: Hedges and Olkin J: Jackson Cl

HO2: Two-step Hedges and Olkin B-T-J: Biggerstaff, Tweedie and Jackson CI
PM: Paule and Mandel QP: Q-Profile CI

HM: Hartung and Makambi SJ: Sidik and Jonkman Cl

HS: Hunter and Schmidt B: Bootstrap CI

ML: Maximum likelihood Bayes Cr I: Bayesian Credible Intervals

REML.: Restricted maximum likelihood

AREML: Approximate restricted maximum likelihood
SJ: Sidik and Jonkman

RB: Rukhin Bayes

RBp: Positive Rukhin Bayes

FB: Full Bayes

BM: Bayes Modal
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Appendix Table 1. Summary of scenarios and estimation methods, used in simulation and empirical studies that compared different

estimators for the between-study variance. We denote as logOR the log-odds ratio, logRR the log risk-ratio, MD the mean difference,

SMD the standardised mean difference, and HR the hazard ratio.

Simulation studies

Study

Scenarios

Estimation methods

Dichotomous outcome data

Berkey et al. [1]

Bhaumik et al. [2]

Brockwell & Gordon [3]

Knapp & Hartung [4]

Kontopantelis et al. [5]

Lambert et al.[6]

k=10
a) logRR =—-0.8387 + §; and
b) logRR = —0.8387 + 0.30x; + 6;
x;~N(0,1)

8;~N(0,0.211)

k=20
logOR = 0,0.5,1.0, ...,2.5

72 =0,0.2,0.4,0.6,0.8

k=34,..35
logOR = 0.5

72 =10,0.01,..,0.10

k =5,7,10,15

logRR = —0.5 - 0.02(x; — x) + 6;

Xl"’N(O,].)
85;~N(0,72)

72 =0,0.05,0.1,0.2,0.3

k =5,10,20,50,100
logOR = 0.5

72 =0.01,0.03,0.10

k =5,10,30
logOR = 0.32

72 =0,0.09,0.64

ML, REML

DL, DL2, PM (and improvement of
PM)

DL, ML

DL, REML, PM

DL, DL2, DLb, DLp, HO, HO2, SJ,
RBO, RBp, ML, REML

FB (inverse-gamma [ (0.001,0.001),
(0.1,0.1)], uniform [(1/1000,1000),
(1/1000,4)], inverse-pareto [(1,0.001),
(1,0.25), (0.5,0.0625)], DuMouchel on
variance; uniform [ (-10,10), (-10,
1.386)] on log variance; uniform
[(0,200)], half-normal [(0,100), (0,1)]

on standard deviation)
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Novianti et al. [7]

Panityakul et al. [8]

Sidik & Jonkman [9]

Sidik & Jonkman [10]

k =10,15,20,30,50
logOR = 0,0.5

2=0,05,..15

k =10,30
logRR~N(—0.37x;,72)
x~N(0,0.32)

2 = 0,(0.05),0.5

k =10,15,20,30,50

logOR = —0.50,0.00,0.50

72 = 0(0.10), 0.50(0.25), 1.75

k =10,15,20,30,40,50,80,100

logOR = 0.5,1.0

72 =10.1,0.25,0.5,0.75,1,1.25,1.5,2

DL, DL2, REML, SJ (and the
improvement method of SJ), HO, PM

DL, HO, PM, ML, REML, SJ

DL, ML, REML, SJ (and the
improvement method of SJ), HO, PM

DL, SJ

Continuous outcome data

Chung et al.[11]

Chung et al.[11]

Chung et al.[12]

Novianti et al. [7]

Viechtbauer [13]

k =5,10,30
SMD = 0.5

72 =0,0.01,0.05,0.1,0.2

k=5
SMD = 0.5

72 =0,0.01,0.05,0.1,0.2

k =3,5,10,30

Meta-regression model with coefficients 0 and 1.

12=0,1/V3,1

k =10,15,20,30,50
SMD = 0,0.5

72=0,..,0.0366

k =5,10,20,40,80

MD =0,1,2,4

72 =0,0.125,0.25,0.50,1.00

DL, HO, ML, REML,BM

BM, FB (uniform(0,100), and inverse-
gamma(0.001, 0.001))

ML, REML,BM

DL, DL2, REML, SJ (and the
improvement method of SJ), HO, PM

DL,ML, REML, HS, HO
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Viechtbauer [13] k =5,10,20,40,80 DL,ML, REML, HS, HO
SMD = 0,0.2,0.5,0.8

72 =0,0.01,0.025,0.05,0.10

Empirical studies

Study Number of studies in the meta-analysis (k) Estimation Methods

Dichotomous outcome data

Biggerstaff & Tweedie [14] 9 (Pq < 0.01, logOR ranged from -1.47 to 1.09) DL, ML

Biggerstaff & Tweedie [14] 32 (OR ranged from 2.55 to 0.74, P = 0.04) DL,ML

Brockwell & Gordon [3] 7 (logOR, Py < 0.01) DL, ML

DerSimonian & Laird [15] 11 reviews with k = 8,9, 6, 6,5, 26,6,6,6. DL, HO, ML, REML
Scale: logOR

DerSimonian & Kacker [16] 6 reviews with k = 26,9,6,3,7,7 DL, DL2, HO, HO2, PM

(pooled OR ranged from 0.14 to 0.81)

Hardy & Thompson [17] 9 (Pq < 0.01, OR ranged from 0.23 to 2.97) DL, ML

Sidik & Jonkman [9] 29 (logOR ranged from -3.00 to 2.00) DL, ML, REML, SJ (and improved
SJ), HO, PM

Sidik & Jonkman [18] 13 (logRR ranged from -1.50 to 0.50) DL, ML, REML, SJ, HO

Sidik & Jonkman [19] 9 (logOR ranged from almost -1.50 to almost 1) DL, ML, REML, SJ, HO

Thompson & Sharp [20] a) 28 (logOR ranged from -1.65 to 1.37) DL, ML, REML, PM, FB

b) 19 (logOR ranged from less than 0.1 to higher than

5)
Thorlund et al. [21] 920 Cochrane reviews (OR and RR ) DL, HM, HO, REML, SJ
Viechtbauer [22] 9 (Pq < 0.01, logOR ranged from 0.23 to 2.97) DL, ML, REML, SJ
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Continuous outcome data

Chung et al. [11]

Sanchez-Meca & Marin-Martinez
[23]

Sidik & Jonkman [10]

Sidik & Jonkman [19]

10 (SMD with standard errors ranging between 0.24 and
0.57)

10 (SMD ranged from -0.581 to 1.031)

13 (SMD ranged from -2.41 to 2.93)

13 (SMD ranged from around -2 to 4)

DL, HO, ML, REML,BM

DL, HS, HO, HM, SJ, ML, REML,
the estimator proposed by Malzahn et
al [24]

DL, REML, the special form of the
Hedges and Olkin estimator (Hedges
and OlKkin, 1985, page 194) , SJ,
estimator proposed by Malzahn et al
[24]

DL, ML, REML, SJ, HO

Survival outcome data

Bowden et al. [26]

18 me-analyses with # trials ranging between (5, 25),
range of HR (0.65, 1.21), and range of 12 (0%, 75%)

DL, PM
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Appendix Table 2. Comparison of estimators for between-study variance. The diagonal summarises the main properties of the estimators. We define as k the number of studies included in the meta-

analysis, and 72 the true between-study variance. Each off-diagonal cell compares two estimators. The lower triangle compares the estimators in terms of bias and MSE. A zero value (0) indicates that

there is no difference between the two estimators, 1 indicates that the row-estimator is ‘better’, and -1 is ‘worse’. The upper-triangle shows the references of the comparative studies. D: Dichotomous

data, C: Continuous data, S: Survival data, B: Bias, MSE: Mean Squared Error
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DL DLp DL2 DLb HO HO2 PM HM HS ML REML AREML SJ RB FB BM
o C;B:-1 C;B:-1
s C, B:-1 2 2 C;B:-1
o (small 72), 1 C;B:-1 (small %), | (small %), (small
= . 2 1 (large 1 (large 2
s (large 2); (small 72, %) MSE: | 72); MSE: %), 1(
o MSE: -1 k), 1 (large 1 ,(smalll 1 ,(smalll large 72)
= 2 2 1. . .
= (small 74, k), *, k); 2, k), 1 2, k), 1 ;MSE:-1
% 1 (large 72, MSE: 1 (Ia;ge ’TZ (Ia;ge ’Tz small 72,
s} k) k) ' k) ' 1 large 72)

1: Kontopantelis et al., 2013; 2: Bhaumik et al., 2012; 3: Novianti et al., 2014; 4: DerSimonian and Kacker, 2007; 5: Sidik and Jonkman, 2007; 6: Sanchez-Meca and Marin-Martinez, 2008; 7: Viechtbauer, 2005; 8:
DerSimonian and Laird, 1986; 9: DerSimonian and Kacker, 2007; 10: Sidik and Jonkman, 2005a; 11: Sidik and Jonkman, 2006; 12: Thorlund et al., 2011; 13: Sidik and Jonkman, 2005b; 14: Chung et al, 2014; 15:
Panityakul et al., 2013; 16: Knapp and Hartung, 2003; 17: Thompson and Sharp, 1999; 18: Bowden et al., 2011; 19: Brockwell and Gordon, 2001; 20: Biggerstaff and Tweedie, 1997; 21: Hardy and Thompson,

1996; 22: Viechtbauer, 2007; 23: Berkey et al., 1995; 24: Chung et al, 2013 — the design of the studies is described in Appendix Table 1
* For Improved SJ and large 72 and k, then ‘B:1’

Page 9 of 13




Appendix Table 3. Comparison of the confidence interval (Cl) estimation methods for between-study variance (t2) in terms of coverage probability and CI length. A zero value (0) denotes there is no difference
between the two Cls, 1 that the row-Cl is better, and -1 the column-Cl is better. The upper-triangle shows the references of the comparative studies. k: number of studies included in the meta-analysis

AT Biggerstaff- —_— Bayesian (Bayes)
Profile (IE:Sellhood Wald-type (WT) Q-Profile (QP) Tweedie-Jackson Sidik (\]S?]r;kman Bootstrap (B) Credible Intervals
(B-T-J) (Crl)
Viechtbauer, 2007; Viechtbauer, 2007 Viechtbauer, 2007; . .
PL Knapp et al., 2006 Knapp et al., 2006 Knapp et al., 2006 Viechtbauer, 2007 | Viechtbauer, 2007
coverage Viechtbauer, 2007; Viechtbauer, 2007, . .
wT probability: -1 Knapp etal., 2006 | Knappetal. 2006 | iechtbauer,2007 | Viechtbauer, 2007
Viechtbauer, 2007;
QP r;t?;tfirl?tge' 1 rgg;ﬁ:ﬁ?e_ 1 Knapp et al., 2006; Viechtbauer, 2007 | Viechtbauer, 2007
P y: P Y- Jackson, 2013
coverage
coverage coverage probability: 1 (small
B-T-J robabilig[ 1 robabili? 1 72), -1 (large 72); CI Viechtbauer, 2007 | Viechtbauer, 2007
P Y: P Y: length: 1 (small 72),
-1 (large 72)
coverage coverage coverage coverage .
sJ probability:-1 probability:0 probability: -1 probability: -1 Viechtbauer, 2007
B coverage coverage coverage coverage coverage
probability:-1 probability:-1 probability:-1 probability:-1 probability:1
Bayes Crl
Viechtbauer, 2007: k = (10,20,30,50,80), log — odds ratio = 0.5, 72 = (0,0.1,0.2, ...,0.5)
Knapp et al., 2006: k = 5,10, 20,50, 100 , mean dif ference = 0, 2 = (1,2.5,5, 10, 20)
Jackson, 2013: k =5, log — odds ratio = 0, t2 = (0,0.029,0.069,0.206,1.302)
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Data used for the empirical example (see section 5)

Study Log-ngard Standard Error Qf Study Log-ngard Standard Error (_Jf
Ratio Log-Hazard Ratio Ratio Log-Hazard Ratio
Sarcoma NSCLC1
1 -0.05184 0.194514 1 0.127128 0.083531
2 -0.36185 0.34001 2 0.052326 0.107833
3 0.226357 0.39375 3 0.322259 0.23531
4 -0.61811 0.627456 4 0.150004 0.085271
5 0.118386 0.299476 5 0.646999 0.31895
6 -0.2399 0.48737 6 -0.00622 0.262885
7 -0.01264 0.145141 7 0.580106 0.296695
8 0.046584 0.557278 8 -0.16888 0.16639
9 -0.27505 0.461757 9 -0.45556 0.215716
10 -0.87097 0.38292 10 -0.05291 0.170971
11 -0.04565 0.187383 11 -0.06485 0.584206
12 -0.63439 0.32987 12 -0.638 0.286182
13 -0.27984 0.32075 13 -0.14599 0.174395
14 0.798969 0.717958 14 0.326781 0.495682
15 -0.33391 0.208787
16 -0.10841 0.256326
17 0.035793 0.19111
Cervix2 NSCLC4
1 -0.3731 0.268899 1 0.374429 0.1511
2 0.05573 0.280166 2 -0.54819 0.353775
3 -0.50956 0.201743 3 -0.13553 0.162221
4 0.012076 0.197373 4 -0.2018 0.158233
5 0.200264 0.362977 5 -0.39943 0.188178
6 -0.52701 0.250627 6 0.153642 0.363937
7 -0.1773 0.188311 7 0.156517 0.231125
8 -0.43907 0.184491 8 -0.33242 0.262342
9 0.0525 0.5 9 -0.18481 0.17975
10 -0.13846 0.5547 10 -0.79808 0.230817
11 -0.05767 0.350285 11 -1.59153 0.388955
12 -0.40615 0.392232
13 -0.37973 0.217597
14 -0.07692 0.158292
15 0.165485 0.486217
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